Abstract-This paper presents a novel receiver design from signal processing viewpoint for direct-sequence code-division multiple access (DS-CDMA) systems under multipath fading channels. A robust adaptive decision-feedback equalizer (DFE) is developed by using optimal filtering technique via minimizing the mean-square error (MSE). The multipath fading channels are modeled as tapped-delay-line filters, and the tap coefficients are described as Rayleigh distributions in order to imitate the frequency-selective fading channel. Then, a robust Kalman filtering algorithm is used to estimate the channel responses for the adaptation of the proposed DFE receiver under the situation of partially known channel statistics. The feedforward and feedback filters are designed by using not only the estimated channel responses but the uncertainties and error covariance of channel estimation as well. As shown in the computer simulations, the proposed adaptive DFE receiver is robust against the estimation errors and unmodeling dynamics of channels. Hence, it is very suitable for receiver design in data transmissions through multipath fading channels encountered in most wireless communication systems.
I. INTRODUCTION

O
WING to the efficient usage of channel bandwidth, the spread spectrum techniques have grown up rapidly in this decade for wireless indoors and cellular mobile communications, satellite uplink channel, and wireless local area networks (LANs) [2] - [5] , [8] - [16] , [20] - [23] . The most common spread spectrum techniques are direct-sequence (DS), frequency-hopping (FH), the hybrid of DS/FH, and multicarrier code-division multiple access (CDMA). Here, we focus mainly on DS-CDMA systems.
In the additive white Gaussian noise (AWGN) channel, the optimal receiver can perform maximum likelihood (ML) sequence detection and use Viterbi algorithm to search the optimal reconstructed sequences. The main drawback of this design is that the computational complexity grows exponentially with the number of users and the length of the time dispersive channel. A novel receiver with less computational complexity is needed to combat multipath fading channels in practical design.zero-forcing [3] , [5] , [12] , minimum variance [3] , [4] , and minimum MSE (MMSE) [10] , [12] , [17] methods. The zero-forcing receivers can completely suppress multiuser interference (MUI) and intersymbol interference (ISI) under certain conditions [3] . However, explicit knowledge of all the signature waveforms is required, and the noise may be enhanced. Hence, the receiver designed by using the MMSE criterion seems to be better than the zero-forcing receiver in terms of their BER performances. However, MMSE has a poorer near-far resistance, and its performance decays when the number of users increases [17] . In these works, a precise knowledge of the channel responses is required. This requirement heavily restricts their practical applications.
The blind deconvolution and the blind channel estimation have been developed to treat the problem of detection under the situation of unknown channel [4] , [5] . In [4] , Honig et al. have introduced a blind adaptive receiver designed by minimizing the mean output energy. In [5] , Torlk and Xu have employed the blind identification method to estimate the channel response by using the signal subspace technique [6] , [7] . However, in their blind adaptive designs, the channels are assumed unknown but time-invariant in a transmitted frame. Therefore, their methods are not suitable for the fading channel case. The conventional strategy for treating the slowly fading channel problem is to design an adaptive equalizer using the recursive least-square (RLS) algorithm [8] , [26] .
In this work, we propose a novel robust adaptive DFE receiver design to combat the multipath fading channels. The time-varying channels are modeled as Rayleigh fading processes to simulate the frequency-selective fading channels. A robust Kalman filtering algorithm is employed to estimate the tap coefficients of the fading channels. Then, a robust adaptive DFE receiver is developed. In general, the dynamic characteristics of fading channels cannot be characterized exactly by system identification method. Hence, the proposed receiver takes the channel estimation errors into consideration to improve the performance.
Iltis et al. have proposed a series of paper about joint estimation of PN code delay and channel using the extended Kalman filter (EKF) [20] , [21] . In [20] , the interference is modeled by an th-order autogressive (AR) process. A composite channel that is equivalent to the convolution of the prewhitening filter and multipath coefficients is estimated by an EKF. However, our proposed receiver is designed for multiuser detection and the channel model can be directly derived from the Doppler spread of the fading channel (as shown in Example 2 of Section V).
In this paper, italicized lowercase letters indicate scalars or scalar functions. Boldfaced lowercase letters denote vectors or vector functions. Boldfaced uppercase letters denote matrices or matrix functions. The rest of this paper is organized as follows. The signal model of DS-CDMA systems is presented in Section II. The robust Kalman channel estimation algorithm is developed in Section III. The adaptive MMSE DFE receiver is presented in Section IV. A performance analysis for probability of error is given in Section IV. Computer simulations are presented in Section V. The conclusion is finally given in Section VI.
II. SIGNAL MODEL
A. DS-CDMA System
This subsection describes a discrete-time framework of asynchronous DS-CDMA systems. A baseband model for the th user in the continuous-time DS-CDMA system is depicted in Fig. 1 , where denotes the th user's spreading code and or ( is the factor for energy normalization). Denote the symbol duration and chip duration as and , respectively; then, , and is the processing gain. The th transmitted signal at chip rate is where is the th user's symbol sequence, and is the energy of a symbol. Without loss of generality, we assume . Let be the equivalent channel response of the transmission system, where " " denotes the convolution operator. , , and denote the impulse responses of the transmitter, the receiver, and the channel of the th user, respectively. In the following, the scalar superscript denotes the th user. Then, the received signal from the th user is where is the chip duration, and is the propagation delay of the th channel. The received signal from all transmission users is (1) where is the complex white Gaussian noise.
Sampling the received signal at chip rate, we get (2) where , , and . An equivalent discrete-time DS-CDMA system is shown in Fig. 2(a) .
B. Multipath Fading Channel Model
Owing to the wideband signaling of DS-CDMA systems, multipath fading channel is encountered in most situations. Physical channels, such as ionospheric radio channel in wireless communications that result in time-varying multipath propagation of the transmitted signal, may be characterized as linear time-varying filters. The lowpass impulse response can be used to model the tap coefficients, especially in a slowly fading environment [1] .
In this study, we assume that each multipath channel is modeled as a tapped-delay-line filter [see Fig. 3(a) ]. Let the th multipath channel be defined as (3) where is a backward shift operator. For convenience, we have denoted as , where the superscript denotes the th user, and the subscript denotes the th path. In the following, we assume that the fading channel responses change at symbol rate, and the channel order is less than , i.e., and , since the maximum delay spread of channel is usually insignificant relative to the symbol period [5] . It is obvious that such system suffers from serious ISI, unless . If the channel fading is slow such that the coherent time is long enough to estimate the channel response, the first-order AR process (4) is precise enough to model the fading channel, where denotes the state transition coefficient of the th user in the th path. Note that the state transition coefficients may be chosen to account for the channel Doppler spread [1] . In this situation, is close to unity, and the variance of is small. In general, we can represent the channel dynamics as the following autoregressive moving average (ARMA) model: (5) where is the channel response, is a complex Gaussian process with mean, and and covariance matrix and and are the state transition and input weighting matrices, respectively, which are a priori known or have to be identified for receiver design.
If , in (5) is a Rayleigh fading channel. On the other hand, if the channel consists of a line-of-sight (LOS) path and in (5) represents the scattered path [1] , it is a Rician fading channel. In this study, we assume that . If the tap coefficients of the multipath fading channel are uncorrelated for different paths, i.e.,
, where denotes the Kronecker delta, in (5) is called a wide-sense stationary uncorrelated scattering (WSSUS) channel. For a WSSUS channel, the state transition matrix is a diagonal matrix, i.e., diag , , , , , ,
, where diag denotes a diagonal matrix.
C. Symbol Detection Equation and Channel Estimation Equation
In this subsection, some useful representations for the received signal are derived for signal detection, channel estimation, and system identification. After the input symbol is modulated by the spreading code, the spread input data (at chip rate) can be blocked as an -dimensional sequence (at symbol rate), given by i.e., . Then, the spread sequence is transmitted through a multipath fading channel. After the channel filtering, each symbol is overlapped with each other and results in ISI. Fig. 4 depicts the effect of ISI in a multipath channel.
Let the observation interval be one symbol period and block the received signal , as shown in Fig. 2 
After being corrupted by the channel noise, the received signal can be denoted as (7) where (8)
and (12)
We call (7) the symbol detection equation. In the following, an alternative representation called the channel estimation equation is derived. Let (14) Then, we can obtain (15) where diag
We have intentionally rearranged the above formulae so that the error-covariance matrices of the output signal, which is the convolution of two stochastic processes (i.e., input symbol sequence and fading channel response), can be easily computed in Section IV. The symbol detection equation (7) and channel estimation equation (15) are named after their purposes. In the next section, we will use the channel estimation equation to estimate the multipath fading channel and then use the symbol detection equation and the estimated channel responses to design the proposed robust adaptive DFE receiver.
III. ROBUST KALMAN CHANNEL ESTIMATION
In the case of severe multipath fading environment, the estimation of channel response is inevitable for better quality of data transmission. The conventional estimation method via Kalman filter requires an exact knowledge of the channel model. However, in practical CDMA systems, some channel modeling errors, such as the unmodeling dynamics of the high order of the channel, are inevitable. It is also known that the optimal estimation performance of the Kalman filter may deteriorate significantly if modeling errors exist. Fortunately, the robust Kalman filter can treat this problem by taking modeling errors into consideration [18] , [19] .
For the sake of presentation clarity, we use the first-order AR process in (4) to represent the dynamics of multipath fading channels in Fig. 2(a) , which are given by (18) where , diag , is the nominal transition factor (identification results from the channel statistics), which is close to, but less than, 1 for negligible Doppler effect, is the time-varying unmodeling dynamics of the multipath fading channels, and is a complex white Gaussian process with variance . In this study, the first-order AR process (4) is used as the fading channel model. If the ARMA process in (5) . To consider the robust channel estimation problem for a more practical situation, we also assume that the covariance matrices and are unknown but bounded in compact and convex sets as (23) (24) The transition matrix uncertainty is bounded by (25) where and are the nominal covariance matrices, , , and are some known positive values, and denotes the maximum singular value of the matrix .
Proposition 1-Channel Estimation Algorithm: A Robust Kalman Filtering Approach:
• Channel response estimation and prediction:
where .
• Robust Kalman gain:
• Robust covariance matrix of the prediction error:
• Robust covariance matrix of the estimation error:
where " " denotes the complex conjugate and transpose operation. 
where denotes the expectation, and is a forgetting factor whose value depends on [19] .
Note that the channel estimation algorithm in Proposition 1 is employed while the DFE is operated in training mode. If the DFE receiver operates in the decision-directed mode, has to be modified as . The convergence of this time-varying channel estimator is guaranteed if the following condition holds: [19] (35) A simple choice of is . If the value of is chosen too small, the filtering may be more robust, i.e., the performance may be better than the conventional Kalman filter if the worst case happens. However, the performance may be poorer than the conventional one in a situation in which the modeling error is always much smaller than its upper bound . In conclusion, the robust Kalman filtering is suitable for the case when the uncertainties of the channel model come from the inevitable unmodeling dynamics. If the uncertainties are temporary, the robust Kalman filtering may not provide better performance than the conventional Kalman filtering. Hence, the accuracy of system modeling is still very important. However, in practical cases, unmodeling dynamics of multipath fading channels in CDMA systems always exist between the real world and its mathematical model.
If there are no model uncertainties in (19), Proposition 1 is reduced to the conventional Kalman filtering.
IV. ADAPTIVE MMSE DFE RECEIVER
A. Adaptive MSEE DFE
As shown in Fig. 2(c) , let us define the filtering error of the DFE receiver as The optimal MMSE-based DFE receiver is derived as arg (39) where arg denotes the argument. It is worth noting that the channel response expressed in the channel estimation equation (15) is , whereas the channel response expressed in the symbol detection equation (7) is . The relation between their error covariance matrices is very important for the proposed robust adaptive DFE receiver. For convenience, two error covariance matrices are introduced. Let Proof: See Appendix A. Since the error covariances have been considered in the above adaptive DFE receiver, the proposed method is more robust. If the estimation of channel response is accurate enough, i.e., the estimation error is small, then is the dominant term over , and Proposition 2 can be simplified as the following lemma.
Lemma 1: If the estimated channel responses are accurate enough, the adaptive feedforward filter is reduced as and the feedback adaptive filter is
B. Performance Analysis
In this subsection, we evaluate the probability of bit error for the DS-CDMA systems. Let us define the BER of the BPSK signaling for the 0th user as Re (49) where , and . Substituting the estimation equation into and according to (6) (8), we can represent as (50) where , and the interference term accounts for the MUI, ISI, channel estimation error, decision error, and channel noise.
The probability of bit error can be rewritten as (51) Under the Gaussian assumption for all the interference terms, the decision variable is a Gaussian quadratic form [25] . The probability of bit error is easily obtained and depends on the eigenvalues of the matrix [25] Cov (52) Let be the distinct eigenvalues of with multiplicity , and let be the coefficients of the partial fraction expression of the characteristic function of the decision value , i.e.,
Then, the probability of bit error rate is given by (54)
V. SIMULATION RESULTS
Four simulation examples are presented to illustrate the superiority of the proposed method. The blind channel estimation is also compared with the proposed robust Kalman channel estimation. In the following examples, the signal-to-noise ratio ( ) and the near-far ratio ( ) for the th user are defined as dB (55) and dB (56) respectively. In each transmitted frame, 24 symbols are sent as training data, and then, 1000 symbols are sent as the information data. The is computed in the decision-directed mode. Example 1: A DS-CDMA system is simulated with and in this example. The Walsh codes with length are used as spreading codes. The fixed (time-invariant) channels are used to demonstrate the accordance of the performance analysis with the simulation results. Fig. 5 shows the versus performance. The theoretical result can be derived from (54) and is the same as that of the DFE with known channel responses. Since the robust Kalman filtering method can estimate the channel precisely, the proposed DFE receiver has a much better performance when it is compared with the conven- tional RLS method [8] . The zero-forcing receiver does not perform well because the matrix inversion [3] is ill-conditioned in the simulation, and noises are enhanced. The RAKE receiver has poor performance because the orthogonality of Walsh codes is destroyed when they are shifted by noninteger times of . Hence, the MUI and ISI cannot be eliminated by the RAKE receiver.
To demonstrate the influence of spreading codes on performance, a DS-CDMA system by using the gold codes with length , , and is illustrated. The simulation result is shown in Fig. 6 . At low , the RAKE receiver performs better than the proposed method. The precise channel estimation is not important for the RAKE receiver but is important for our proposed method. However, the of the RAKE receiver is not improved as increases since the performance of RAKE receiver mainly depends on the cross-correlation and auto-correlation of the spreading codes and not on the . Note that the RAKE receiver also utilizes the proposed robust channel estimation.
Example 2:
The land-mobile model is simulated in this example. The channel responses in each path are generated by using the Jakes' method [22] . The channel spectrum is denoted as elsewhere where denotes the Doppler spread, and is the gain. The fading rate is , where is the signaling rate. The correlation coefficient of the fading process is . When the firstorder AR model is used to model this Rayleigh fading channel, the transition coefficient is chosen as , where is the Bessel function of the first kind and zeroth order. Take a mobile communication system with carrier frequency as an example. If the relative velocity of transmitter and receiver is , then , where is the light velocity. A DS-CDMA system is simulated under , , and Walsh codes with length . The relative velocity is changed from 40 km hr to 60 km hr and then to 80 km hr. The carrier frequency is MHz, and the signaling rate is Hz. Then, the fading rate is changed from 0.003 33 to 0.005 and then to 0.006 66. We take , , , , and . Fig. 7 shows the simulation result. The conventional RLS method performs very poorly in this fast fading case. It also shows that while the unmodeling dynamics are inevitable, the proposed robust adaptive DFE receiver has better performance than the Kalman filtering method. The performance gap between the proposed DFE receiver and the DFE with known channel responses is caused by the fast fading channels. Owing to the accumulation of channel estimation errors from all users, the MUI and ISI are not eliminated completely .
Example 3: In this simulation, we investigate the influences of user number , multipath fading channel order , and the near-far effect. The multipath fading channels are generated by using the Jakes' method with fading rate . Fig. 8 shows the performance of versus at db and . It shows that the performance decays as the number of users increases. This is a consequent result of both the MMSE [17] method and the conventional RLS algorithm [8] . It is noted that the proposed method and the Kalman filtering method have a similar performance since the simulated channels have the same fading rate. Under this situation, model uncertainties are very small and can be neglected. Fig. 9 shows the performance of versus at db and . The longer the length of multipath channels is, the better the performance of the proposed method achieves. This means that the proposed method takes the diversity advantage of multipath channels. However, since the estimation error increases as the channel length increases, this advantage is decreased as is larger than 0. Fig. 10 shows the near-far effect under the situation of , , , and db. The is defined in (56). It shows that the proposed method has a better near-far resistance than the conventional RLS algorithm.
Example 4: In this simulation, we compare the performances of the proposed robust channel estimation algorithm with that of the blind channel estimation method [5] . If the channel response is time-invariant, the blind channel estimation method performs well. However, because the channel is time-varying, the blind method, as shown in the following, has a worse capability for tracing the variations of channel responses, apart from its computational complexity when dealing with the singular value decomposition.
In our method, the simulation conditions are with , , and . For the blind channel estimation, we choose , , , , and [5] , and the channel responses are generated according to the model in Fig. 3. Fig. 11 shows the performance of root-mean-square error (RMSE). The estimated channel responses of the 0th user is shown in Fig. 12 . The imaginary part of the 0th path has been set to zero in order to obtain a more accurate singular value decomposition for the blind method. As shown in Fig. 12 , the proposed robust channel estimation almost matches the real channel, whereas the blind method cannot accurately track the variation of the channel response.
VI. CONCLUSION
Based on a general multipath fading channel model, a novel adaptive receiver for DS-CDMA systems with a robust property was proposed to combat MUI, channel ISI, fading, and channel noise from the MMSE perspective. The channel estima- tion equation and symbol detection equation were developed so that they would be suitable for the design of the robust Kalman channel estimation algorithm and the proposed adaptive MMSE DFE receiver, respectively. In this study, not only the estimated channel responses were involved in the DFE receiver design but the covariance of the channel estimation errors was also considered to improve the performance of the proposed DFE receiver. Performance analysis for the probability of bit error was also presented. The simulation results have evidenced the superior performance of the proposed receiver. and hence, the optimal feedforward filter and the optimal feedback filters are derived. Q.E.D.
APPENDIX
